T amarisk (Tamarix spp, salt cedar) is an Asian tree/shrub species which is invading riparian zones in the United States (Christensen 1962; Robinson 1965) . It alters stream hydrology, increases soil salinity, and degrades habitats for native species. There are substantial costs associated with the eradication or control of tamarisk, with implications for water salvage, wildlife use, and riparian restoration (Shafroth et al. 2005) . Furthermore, many organizations, from federal agencies to grassroots citizen coalitions, are concerned with tamarisk invasion. For example, the Secretaries of the Interior and Agriculture have called for a cooperative initiative to control invasive tamarisk (USDoI 2005) , highlighting a national interest in setting priorities for tamarisk-related control and restoration efforts. These efforts, in turn, require geospatial information on tamarisk distribution, abundance, and suitable habitat at a national scale.
Here we present a map of tamarisk habitat suitability throughout the continental US. This work builds on recent analysis in the western US, showing the abundance of tamarisk in that region (Friedman et al. 2005) . Our model, based on positive field locations and absence locations, shows that many low-and mid-elevation waterways in western and central US are vulnerable to tamarisk invasion. The potential habitat for tamarisk goes well beyond areas where it already occurs. Along with providing current distribution data, this habitat map can help guide containment boundaries, identify priority areas for early detection and rapid response, and monitor control strategies and cost-effectiveness in different states. We consider this mapping effort to be a first approximation for mapping tamarisk habitat at the national level. It will be improved upon as more field data become available, additional continental-scale environmental data layers are constructed and incorporated into the model, and users provide feedback.
The habitat map was constructed by coupling field data with geospatial information derived from satellite imagery. The US Geological Survey (USGS) compiled field data indicating the presence or absence of tamarisk from over 40 datasets and covering 32 148 points. The field data provided sufficient information to both construct and test the model. Two-thirds of the data were used to construct the model and one-third was used to test the results. These data were coupled to remote sensing data from the National Aeronautics and Space Administration's (NASA) Earth Observing System through a logistic regression.
Previous studies have also used remote sensing datasets to predict invasive species. For example, Peterson (2005) estimated cover of invasive grasses using a modeling approach similar to that described here, but for a smaller area with higher resolution data. Several studies have shown a relationship between a remotely-sensed spectral response and tamarisk habitat, but again, these are for smaller areas using higher resolution satellite or airborne data (Everitt et al. 1989; Everitt et al. 1996; Everitt and DeLoach 1990) . The novel aspect of the work presented here is its national scale.
The stepwise logistic regression modeling procedure provided an empirical method to relate field data points to environmental layers derived from remote-sensing data covering the contiguous US. Previous work showing the spectral-temporal signature of tamarisk (Everitt and (Huete et al. 2002) . The model is refined by incorporating landcover type, also derived from MODIS data (Friedl et al. 2002) . The stepwise procedure resulted in a highly predictive (90.1%), parsimonious model relating the presence of tamarisk with land-cover type and seasonal variability of vegetation indices. The logistic regression approach uses the environmental layers to characterize the habitat of known tamarisk locations as well as those areas with no tamarisk. Areas throughout the continental US exhibiting land-cover and vegetation characteristics similar to locations where tamarisk was observed in the field are associated with a higher metric in the derived map. Areas exhibiting characteristics similar to locations where field data indicated the absence of tamarisk are associated with a lower metric on the map (Figure 1) . This metric is then used to classify "highly likely" (areas in the 99th percentile of the map) and "moderately likely" (areas in the 90th percentile) habitat.
Suitable tamarisk habitat is highly variable among states. In Table 1 , the two separate columns labeled "rank by fraction" refer to the proportion of either highly or moderately suitable habitat compared to the size of the state. The map and table imply that there is a much greater area of suitable habitat for tamarisk than is currently invaded. (There is no explicit map of all areas that have been invaded, but the number of presence points in Table 1 and the work of Friedman et al. [2005] provide an indication of our current understanding.) The Colorado and Rio Grande River basins have experienced heavy infestations, but large areas in the west and southwest are indicated as having suitable habitat for tamarisk and so may be in danger of invasion from adjacent populations. The location and extent of suitable habitat indicates that we may be early in the tamarisk invasion process, or that other factors not measured here are limiting tamarisk spread. Another concern is that hybrids of various tamarisk species may be able to adapt to a wide variety of new habitats on this continent (GISD 2005) . Alternatively, strategic containment efforts using biological, chemical, and manual control methods, followed by careful restoration of native species, may slow the spread of tamarisk and associated invasive species. In any case, remote sensing, survey data, and predictive spatial models are important tools for developing efficient and effective containment strategies for non-native species over large areas. There are some caveats related to the map. First, we do not consider sources or pathways for tamarisk introduction. All invasive species require suitable habitat as well as a means of being introduced to the area (ie propagules). Secondly, the map is produced at a spatial resolution of 1 km, a level determined both by the resolution of the input data layers and the practical constraints of preventing the map's file size (~900MB) from becoming too large for access and distribution by a wide range of potential users. Ongoing work is directed at higher resolution, state-level maps and models. At the 1 km resolution, and with the methods employed here, the result is a map of were extracted from all datasets, including weed mapping data and vegetation plots of all sizes. Absence points were obtained from vegetation survey plots approximating a 30 m 2 grid cell that recorded tamarisk presence. While a measure of tamarisk abundance at a particular site would have provided additional information, in order to maximize the consistency between the disparate datasets we consider only presence and absence here. After all the datasets were combined, vegetation survey data were specifically requested from the VegBank database (http://vegbank.org) to fill in a large data gap for the eastern and northwestern US. The number of presence and absence points from each state is listed in Table 1 .
Remotely sensed layers
Constructing a national-level map for the 48 continental states in the US (plus the District of Columbia) requires using the environmental data layers available for that arge area. NASA's MODIS instrument provides almost daily coverage of the globe (Justice et al. 2002) . The MODIS products described here are the 1 km spatial resolution land-cover product, using the International Geosphere-Biosphere Programme (IGBP) classification system (Friedl et al. 2002) , the 250 m spatial resolution Normalized Difference Vegetation Index (NDVI), and the Enhanced Vegetation Index (EVI). The EVI was developed to optimize the vegetation signal with improved sensitivity in high biomass regions and improved vegetation monitoring by removing the signal from the background soil and reducing atmospheric influences (Huete et al. 2002) . To avoid cloud cover and other spurious effects from viewing and illumination angles (Justice et al. 2002) , the MODIS vegetation index products are generated by compositing daily data every 16 days, resulting in 23 composites per year (Huete et al. 2002) . The MODIS data used here were "Collection 4" data acquired from 
Extracting summary values from NDVI and EVI
A discrete Fourier transform was used to extract three summary values from the MODIS NDVI and EVI time series for each pixel (Moody and Johnson 2001) . The Fourier transform effectively fits a constant amplitude, yearly sine wave to each pixel, which was uniquely specified by the mean, amplitude, and phase. The ecological interpretation of the mean is the average vegetation greenness from February 2000 to February 2004, while the amplitude of the sine wave describes the average seasonal variability of greenness. The appropriately scaled phase is the average date of peak greenness. This summary method is depicted for one pixel's two-year time series in Figure 2 . habitat suitability and not the actual presence of tamarisk along watercourses in each 1 km 2 cell, nor the actual susceptible habitat smaller than this resolution (ie narrow riparian zones, springs, etc). It is appropriate to use the map for large-scale summaries (such as those presented in Table 1 ) or to select focus areas where further analysis with higher resolution imagery and other environmental data layers is justified. Despite these limitations, the results provide a first order approximation of suitable tamarisk habitat and, as such, offer a guide as to which areas across the US should be most closely monitored for tamarisk introduction or spread.
The map is available through the National Institute for Invasive Species Science (NIISS 2005) . We welcome and anticipate feedback from its users. In addition, USGS will continue to accumulate tamarisk field data and NASA will continue to explore additional environmental layers that can improve the predictive capacity of the model. The datasets used here were derived from accessible, operational data layers from NASA's MODIS land team (Justice et al. 2002) . They were readily available for the study area and their relationship with tamarisk habitat resulted in a good model. Future work could involve additional data layers such as higher resolution remote-sensing datasets, distance to anthropogenic disturbances or to streams or water tables, soils data layers, and climatic variables (such as mean annual temperature as suggested by Friedman et al. [2005] ). These data layers would have to be available and consistent across the contiguous US and there should be an ecological justification to expect that the additional data layer(s) will improve the prediction of tamarisk habitat. New data layers and additional field points will likely lead to continual improvements in our understanding of tamarisk distributions and suitable habitat.
Methods

USGS national tamarisk occurrence data
Field data were collected in three ways. First, beginning in 2001, agencies and organizations, particularly in the state of Colorado, were asked to share information they had collected on the locations of invasive, non-native species. Over 45 disparate datasets were collected and assembled into a single spatial database. This collection effort also involved searching the Internet to locate Geographic Information System (GIS) mapping layers and compiling weed mapping data for several natural areas. The second source of data was unsolicited contributions to the USGS tamarisk mapping project website, T-Map (The Tamarix Cooperative Mapping Initiative; www.tamariskmap.org), that was released in April 2004. The final group of data came from fieldwork conducted by our research group and included both presence locations for tamarisk-specific studies beginning in 2003 and presence and absence locations from other vegetation survey field efforts beginning in 1996. Presence locations
Logistic regression
Logistic regression (Hosmer and Lemeshow 2000) was used to associate the binary response of presence or absence of tamarisk with the remote sensing variables (Keane et al. 2002) . We used the field observation of presence or absence of tamarisk as the dependent variable and considered MODIS land cover and the three summary statistics (mean, amplitude, and phase) from both NDVI and EVI time series as the predictor variables. For the categorical land-cover variable, we used treatment contrasts to set dummy variables with a baseline level of land cover = water. Exploratory data analysis revealed that locations with known tamarisk showed much less absolute difference between the range in NDVI and the range in EVI than did areas without tamarisk (Figure 3 ). Known tamarisk locations are shown as red crosses on the figure and tend to fall along the line where the seasonal variability in NDVI is equal to the seasonal variability in EVI (shown as a dashed line on Figure 3 ), while nontamarisk locations fall off of this line. The difference between the EVI and NDVI MODIS products is an adjustment for the atmosphere and soil background (Huete et al. 2002) . It is probable that the trend of tamarisk growing along the one-to-one line is due to the soil. Tamarisk spreads quickly and is thick enough to cover most soil and will therefore reduce or block any signal from the soil. Conversely, non-tamarisk locations in riparian areas will have either bright sandy or dark wet soils. These will show up as differences in the range in EVI and NDVI in either direction. This theory would match the pattern seen in Figure 3 and led us to consider the absolute difference between the range in EVI and the range in NDVI (AbsDIFF NDVI-EVI ) in the model.
The data were split into a training set to fit the model (using 67% of the data) and a test set to check its accuracy (using the remaining 33% of the data). We maintained a case-control sampling such that the probability of any absence point being included in the sample (P 0 ) was equal to the probability of any presence point being excluded in the sample (P 1 ). For the training data both P 0 and P 1 equal 2/3 and for the test data both P 0 and P 1 equal 1/3. It is impossible to know the true proportion of tamarisk habitat in the US and it would be prohibitively difficult at this point to conduct a large enough random sampling to estimate this proportion across the contiguous US. With the data presented here, the proper interpretation of the map is not an absolute probability of the habitat to support tamarisk, but rather a relative ranking of suitable habitat (Keating and Cherry 2004) . Thus, the acreage values ranked in Table 1 provide a useful and legitimate interpretation of the logistic regression results.
We used a forward selection method to find out the variables' entering sequence with regard to their contribution to the modeling. We then used the test dataset to Table 2 . For this model, the AUC = 0.950, MSE = 0.069, MAE = 0.135, and the proportion correct = 0.901. Adding any of the other MODIS vegetation index (either NDVI or EVI) summary variables to the model did not improve any of these criteria. The negative coefficients on both the NDVI range and the AbsDIFF NDVI-EVI imply that higher values for these two variables are associated with lower habitat suitability. The interpretation of the MODIS land-cover variable is provided in Table 2 .
It is satisfying that such a parsimonious model does a reasonable job fitting this national dataset. The habitat suitability map resulting from the model is appropriate for large-scale analysis (such as the state rankings in Table 1 ). Further refinement to the national model is being explored with ongoing research at NASA and USGS. Furthermore, the national model and map will be used to guide higher-resolution models at a regional, state-wide level. Finally, the data layers used here are operationally available globally and the modeling presented is fairly general. We therefore believe the approach described in this paper could be used to map other harmful species, both in the US and globally. Values represent the number of times that a particular land-cover class is more likely to support tamarisk than water areas.
Higher values (> 1.0) imply a more suitable land-cover type for tamarisk, while lower values (< 1.0) imply a less suitable habitat for tamarisk.
* These land-cover types have no statistically significant different probabilities of invasion from land-cover type 0.
